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Abstract— Opinion formation in complex social networks may 
exhibit complex system dynamics even when based on some simplest 
system evolution models. An interesting and important issue is the 
effects of the initial state on the final steady-state opinion distribution. 
We show that, while different initial opinion distributions certainly 
make differences to opinion evolution in social systems without noises, 
in systems with noises, given enough time, different initial states 
basically do not contribute to making any significant differences in the 
final steady state. Instead, it is the basal distribution of the preferred 
opinions that contributes to deciding the final state of the systems. 
Such an observation contradicts with a long-term belief on the roles of 
system initial state in opinion formation. We propose some brief 
discussions on the reasons supporting our statement, and the 
implications of such an observation in real-life applications.  
 
Keywords— Opinion formation, Deffuant model, opinion 
mutation, consensus making.  
I. INTRODUCTION 
PINION formation is an important and interesting topic in 
studies on complex networks, especially complex social 
networks [1, 2]. It is of practical importance to predict how 
different opinions may evolve in the system and which opinions 
may dominate in a population after a temporal process of 
spreading through social interactions [3, 4]. Existing studies 
have revealed that, given enough time, local pair-wise 
interactions of individuals, in most cases, may eventually lead 
to the formation of a global equilibrium.  
Quite a few models have been proposed to reveal system 
dynamics of opinion formation by introducing various rules of 
communication between individuals. Some of the most well-
known ones include Voter model [5, 6], major rule model [7], 
Sznajd model [2], etc. Proposed by Deffuant et al. in 2000, the 
Deffuant model [8], as one of the most popular models, has 
been extensively studied. It is found that the tolerance bound 
(also termed as confidence bound, tolerance range, and 
uncertainty threshold etc. [9–11]), which reflects how much 
people may tolerate different opinions and make consensus, 
plays an important role in opinion formation processes.  
In the classic Deffuant model, there is a continuous 
distribution of different opinions and a randomly chosen node 
may make consensus with a randomly selected neighbor 
holding similar opinion; their opinions hence come closer to 
each other or become the same. Individuals holding 
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significantly different opinions, on the other hand, may not 
easily achieve an agreement. Link rewiring was later introduced 
into the Deffuant model [10], where two connected individuals 
holding significantly different opinions (terms as dissenters) 
may choose to cut the link in between (a system with link 
rewiring typically reflects a lower tolerance level compared to 
that without link rewiring) and connect with a similar opinion 
holder instead. It is shown that the existence of rewiring makes 
it harder for an adaptive network to reach global consensus; 
network may finally evolve into a few big opinion 
communities, each of which holding its community consensus 
[10]. 
Various factors other than consensus making between 
directly connected individuals, e.g., education, propaganda, 
community activities, etc. may also contribute to opinion 
changes. The combined effects of all these were introduced in 
[12, 13], termed as “noises”. A simplest model of such noises 
is indeed to model the combined effects as random noises. 
Simple as the model is, it nevertheless helps reveal the 
nontrivial roles that such effects may impose on the system 
opinion evolution. It is shown that in the Deffuant model with 
a continuous opinion distribution and a fixed network topology, 
different speeds of random opinion change may drive the 
system either to an ordered state with a set of well-defined 
opinion groups, or a disordered state where the opinion 
distribution tends to be uniform. Another thread of research on 
random opinion changes, sometimes term such changes as 
opinion mutation (hereafter “opinion mutation” and “opinion 
noises” will be used interchangeably), confirms that such 
changes play a critical role in deciding the final steady state of 
system’s long-term opinion evolution [14, 15]. In fact, it is the 
basal distribution of preferred opinion in opinion mutation that 
largely decides the final steady state of the system [13, 14]. 
When consensus making, link rewiring and opinion mutation 
are all taken into account in system evolution, some 
surprisingly complex system behaviors may emerge [16]. Most 
noticeably, it is shown that the complex dynamics may lead to 
different numbers of opinion communities at steady state with 
a given tolerance level between different opinion holders. 
A small but nontrivial issue that has not been fully 
understood is the effects of initial state, i.e., initial opinion 
distribution, on the final steady of opinion distribution in 
complex social networks. Specifically, when there is no 
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mutation of opinion in the system, as that has been studied and 
concluded in [13], different initial states may lead to different 
final states. This can be easily understood: when there is no 
opinion mutation, different opinions may evolve into a number 
of isolated communities with no connections in between. When 
the community forming-up is fast enough, different initial states 
may make differences to the final states. For example, an initial 
state where majority of population holds opinions biased to 
right-hand side may end up with having a final state where the 
majority still holds opinions biased towards right-hand side. 
When there exists mutation in opinion evolution, though our 
own observations and existing results both agree that the 
opinion mutation makes the effects of the initial state on the 
final state much less significant than those of the cases without 
mutation, we are not drawing exactly the same conclusion: in 
the existing results, it is believed that different initial states may 
still lead to different final states [13], while our observations, as 
later we shall report in detail in this paper, show that such 
differences virtually do not exist. In other words, different 
initial states basically lead to the same final state if the system 
is given enough time to evolve. Such a difference is of 
importance as it reveals the roles of initial state and mutation in 
short-term and long-term system evolution respectively. We 
shall present evidence to support our argument and have some 
brief discussions on the possible reasons leading to such 
different conclusions, as well as the implication of our 
observations in real-life applications.  
The rest part of this report is organized as follows. The 
Deffuant model and its main extensions, namely link rewiring 
and mutation, are defined in Section II. Simulation results and 
discussions are presented in Section III. Finally, Section IV 
concludes the paper.  
II. DEFFAUNT MODEL WITHOUT NOISES 
Deffuant model assumes that opinions are continuously 
distributed within the interval [0, 1]. At each time step t , a node 
A is randomly selected together with its random neighbor B . 
Denote their opinions as ( , )o t A and ( , )o t B , respectively. If the 
difference between these two opinions is less than a given 
tolerance d , they make consensus according to the following 
rules: 
 ( 1, ) ( , ) [ ( , ) ( , )];
( 1, ) ( , ) [ ( , ) ( , )].
o t A o t A o t A o t B
o t B o t B o t A o t B


   

   
         (1)   
A smaller value of   may slow down the evolution process 
while different values of  , as long as it is within the range of 
(0, 1/2], is believed to lead to the same final steady state [8]. 
Hereafter, we use 1/ 2  as that in most of the existing works.  
Noise/mutation was firstly introduced into Deffuant model 
in [12]. Specifically, in each time step t , a randomly selected 
node has a probability p to mutate and adopt another randomly 
chosen opinion, following a certain basal distribution of 
preferred opinions in such random opinion changes.  
 
 
III. SIMULATION RESULTS AND DISCUSSIONS 
Fig. 1 [16] illustrates the typical steady state of opinion 
evolution where there exist consensus making, link rewiring 
and opinion mutation in the system. The initial state of the 
system has a uniform opinion distribution, and the basal 
distribution of preferred opinions in opinion mutation is also 
uniform. Let p denote the probability that a node shall has 
opinion mutation, and w the probability of link rewiring. Fig. 1 
illustrates a few different cases with different values of p, w and 
d. It can be seen that the system evolves into a few communities 
holding similar opinions with a bell-curve style opinion 
distribution centering around a certain “community consensus”; 
the opinion mutation, meanwhile, keeps the different 
communities connected. This is importance as such connections 
keep the shifting of nodes between different opinion 
communities feasible; otherwise the system may be split into a 
few disconnected communities, each of which holding its 
single-value community consensus, as that has been illustrated 
in quite a few studies (e.g., [10]).  
 
 
Fig. 1 [16]. Network structures at the steady state where (a)   = 0.25, 
  = 0.1,   = 0.5; (b)   = 0.25,   = 0.01,   = 0.5; (c)   = 0.25, 
  = 0.001,   = 0.5; and (d)   = 0.1,   = 0.001,   = 0.5; and their 
corresponding opinion distribution where (e)   = 0.25,   = 0.1,   =
0.5; (f)   = 0.25,   = 0.01,   = 0.5; (g)   = 0.25,   = 0.001,   =
0.5; and (h)   = 0.1,   = 0.001,   = 0.5. The network starts as an 
ER random network with a size of   = 10  and an average nodal 
degree of 〈 〉 = 10. For Figs. (a), (b) and (c), nodes in yellow and red 
respectively hold opinions within range of [0, 1/2] and (1/2, 1]. For 
Fig. (d), nodes in yellow, red, blue, green and pink respectively hold 
opinions within the range of [0, 1/5], (1/5, 2/5], (2/5, 3/5], (3/5, 4/5] 
and (4/5, 1]. 
 
We now move forward to illustrate on the effects of initial 
state on final steady state of the system. We present two 
example cases:  
Example 1: Erdos-Renyi (ER) random network with a 
network size of  	n10,000  and an average nodal degree of 
 	
k 20 . We let tolerance threshold  	d 0.25, rewiring 
probability  	w 0.5 and mutation probability  	p0.1 . 
Snapshots are presented for t=0, t=50,000, t=150,000 and 
t=1,500,000 respectively. Figs. 2 and 3 show system evolution 
where the initial state of opinion has a uniform and a power-law 
distribution respectively. It can be observed that the when the 
evolution time is long enough, the two cases with different 
initial states finally converge to virtually the same final state.  
 
  
 
 
Fig. 2. Opinion evolution over time; the initial state has a uniform 
opinion distribution. 
 
 
 
 
 
Fig. 3. Opinion evolution over time; the initial state has a power-
law distribution of opinion where the exponent  g 3. 
 
In our extensive numerical experiments, even when the 
mutation probability is rather low and the rewiring probability 
is relatively much higher (in which case we may expect that the 
communities are largely isolated from each other with only 
sparse connections in between), systems with different initial 
states may still evolve into the same final state, only that the 
evolution time may become extremely long. An example is 
presented below. 
Example 2: The tolerance threshold  	d 0.1  and the 
mutation probability  	p0.001 . All the other parameters 
remain the same as those in Example 1. The initial state has a 
power-law distribution where  g 3. The results are presented 
in Fig. 4. As we can see, even when the mutation rate is rather 
low, after sufficiently long time (when t = 30 millions), system 
evolution still converges to the same final state as that of the 
case where the initial distribution has a uniform distribution.  
 
 
 
 
 
 
 
Fig. 4. Opinion evolution over time when t = 0, 100k, 500k, 2mil, 
10mil and 30mil, respectively. The initial state has a power-law 
distribution of opinion where  g 3. 
 
We have tested a few other cases and the conclusion remains 
the same that the initial state has virtually no effects on the final 
state of the system. Some discussions are therefore needed to 
explain why our observation is different from the conclusion 
proposed in [13]. We have good reasons to suspect that the 
simulations in [13]] were terminated too early (e.g., when 
 	t 50,000 as stated on pp. 139 of [13]), long before the 
system could converge, especially when with a low mutation 
rate. A rule of thumb to decide the number of steps for the 
system to evolve into final state is to set it a few times as big as 
 	N /p , where N denotes the number of network nodes, and p 
the mutation probability. In this way, each node has a fair 
chance to have random mutation at least once. Actually in 
systems with consensus making and link rewiring, it takes each 
node to have an average of a few times of mutation before the 
system state converges. When the simulation time is set to be 
long enough, initial state shall have virtually no observable 
effects on the final state of the system.  
Meanwhile, it shall be emphasized that the another important 
statement in [13] remains to be valid: it is the basal distribution 
of the preferred opinions that plays a critical role in deciding 
the steady-state opinion distribution. An illustrative example is 
presented in Fig. 5, where we present final steady state of two 
  
systems with (a) a power-law initial distribution and a uniform 
basal distribution of preferred opinions; and (b) a uniform initial 
distribution and a power-law basal distribution of preferred 
opinions, respectively. It can be clearly observed that it is the 
basal distribution that largely decides the final steady state of 
opinion distribution. 
 
 
(a) 
 
(b) 
Fig. 5. Initial and final distributions of opinions in systems with (a) 
a power-law initial distribution and uniform basal distribution; and (b) 
a uniform initial distribution and power-law basal distribution 
 
Note that though our extensive numerical simulations have 
shown that the initial state has virtually no effects on final 
steady state of opinion distribution in complex social networks, 
such a conclusion holds only when the evolution time is long 
enough. In many cases, especially in cases when the mutation 
probability is very low, the evolution could easily take millions 
of steps to converge. In real-life applications, however, a 
complex social system may seldom, if not never, get a chance 
to evolve for such a long time as a standalone system before 
new factors and/or outside impacts come in, driving the opinion 
evolution to a slightly or drastically different evolution path. 
This explains why in the real life, our intuitive feeling is that 
different initial states typically indeed make differences to the 
final state of system: real-life systems seldom have a chance to 
achieve the “final” steady state. In systems with stronger noises, 
however, the effects of the initial state may become level 
significant as such systems converge to the steady state more 
quickly. This, again, may match our intuitive feeling that a more 
“chaotic” system’s evolution is less relevant to its original state 
some time ago.   
IV. CONCLUSIONS 
In this paper, we studied on a small but nontrivial issue in 
opinion formation and evolution in complex social networks, 
namely the effects of initial state on the final steady state of 
opinion distribution. We argued that the initial state has 
virtually no effects on the system’s final steady state. A few 
examples were presented as evidence to support our arguments, 
and possible reasons leading to the long-term belief that initial 
state does affect final steady state were briefly discussed. We 
pointed out that since real-life social systems seldom get a 
chance to converge to a steady state, effects of initial states may 
not be neglected altogether in real-life applications. We also 
emphasized on the important role that the basal distribution of 
preferred opinions plays in deciding the short-term and long-
term evolution of complex social opinion systems.  
As real-life systems are almost always evolving rather than 
converging to a steady state, finding a set of metrics that could 
conveniently reveal the transient state during the system 
evolution will be of our future research interest. 
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